detect similarities across patients we performed dimensionality reduction using the t-distributed stochastic neighborhood embedding (t-SNE) followed by a Gaussian Mean Shift Clustering. ANOVA tests for each descriptor and each cluster were performed to find statistically significant differences. A repeated measurements model was fitted at each cluster to evaluate within-cluster trends for patients with and without toxicity (Fig. 1) .
Conclusion
Bladder shape changes occurring during the first week of treatment show potential to predict the risk of developing late GU toxicity after RT for prostate cancer. Patientspecific changes in bladder shape might be related to the exposure of the most radiosensitive areas of the bladder to high doses. [1] in-house feature extraction algorithms were used. Voxel intensities were discretised with a fixed bin width (0.5 SUV). Five selected features recommended for voxel normalisation [2] were extracted from the original scan dimension and 5 isotropic sizes. Patients were ranked based on the feature result of the original dimension. Surface models were generated on the training dataset to normalise each feature using the voxel size and feature value. A concordance correlation coefficient (CCC) was used to determine reproducibility between features extracted from the original dimension and a range of interpolated voxel sizes. Results Fig.1 shows development of a surface model and results for a selected feature, run length non-uniformity (RLNU). 
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Purpose or Objective
Radiomics aims at extracting quantitative features from medical images. Several studies focussed on the potential value of radiomic analysis in predicting tumour response for oesophageal cancer (OC) patients using contrast enhanced CT images. However, in clinical practice contrast agents are not always administrable, making the development of a new radiomic model necessary. In this work, we investigated the usefulness of radiomic features extracted from contrast and non-contrast enhanced CT scans in the development of a prognostic model in OC.
Material and Methods
CT images and radiotherapy volumes of 213 patients from a clinical trial in OC 1 were processed with the CERR package 2 . Patients were divided into 3 groups: mixed group (MG) with contrast and non-contrast enhanced CT images (n=213), contrast group (CG) with contrast enhanced CT scans (n=138) and non-contrast group (nCG) with non-contrast enhanced CT data (n=75). Radiomic features were automatically extracted in 2D and 3D in compliance with the IBSI 3 , using in-house developed data analytics software 4 . Stable features were selected as the ones with similar intra-groups distributions (Kruskal-Wallis test). Corresponding 2D and 3D stable features within each group were evaluated for differences (Wilcoxon signed rank test). Remaining filtered features and clinical characteristics were used to develop a prognostic model with the Cox regression method. Results A total of 119 2D and 3D features were computed from each group. The Kruskal-Wallis test excluded 82, 3 and 6 unstable features obtained from MG, from CG and from nCG, respectively (Fig. 1) . Some stable features (6 for MG, 15 for CG and 17 for nCG) did not show a significant difference if extracted considering 1 tumour layer at a time or considering the whole tumour volume. Among stable features, 4 features showed no difference if obtained from 3D or 2D data and were stable in all the 3 groups. The Cox regression model, constructed with 8 clinical and radiomic variables, identified 1 feature (GLDZM zone distance variance) associated with survival (Table 1) .
Conclusion
The prognostic model has identified 1 texture significantly and independently correlated with overall survival. This
